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Sensitivity for O2 
Mole Fraction=0.12 
Sensitivity for O2 
Mole Fraction=0.24 
Sensitivity for O2 
Mole Fraction=0.36 
Variable Importance Variable Importance Variable Importance Variable Importance 
EA 0.74 EA 0.76 EA 0.72 EA 0.75 
N 0.51 N 0.55 N 0.51 N 0.48 
Ω 0.27 Ω 0.40 Ω 0.22 α 0.22 
α 0.20 gd 0.20 α 0.22 σ 0.20 
gd 0.20 tr 0.18 gd 0.21 gd 0.19 
σ 0.18 α 0.18 σ 0.17 Ω 0.17 









































































Calibration	Step	4:	Execute	the	CCSI	tool	Approach to Model Calibration w/Discrepancy
Represent the output of the physical system ⇥ as the simulator plus a
discrepancy term to account for any remaining bias, plus the
measurement error, i.e.,
yi = ⇤(xi , ) +  (xi ) + ⌅i ,
where
(i) the simulator ⇤ and the measurement errors ⇥i are as before.
(ii)  (x) is a discrepancy function to alow for model bias.
Typically it is assumed that  (x)   GP(0,K ), for some covariance
function K , most commonly the squared exponential.
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Calibration	Step	4:	Original	Annealing	Model	with	Original	Data	Approach to Model Calibration w/DiscrepancyRepresent the output of the physical system ⇥ as the s mulator plus a
discrepancy term to account for any remaining bias, plus the
measurement error, i.e.,
yi = ⇤(xi , ) +  (xi ) + ⌅i ,
where
(i) the simulator ⇤ and the measurement errors ⇥i are as before.
(ii)  (x) is a discrepancy function to alow for model bias.
Typically it is assumed that  (x)   GP(0,K ), for some covariance
function K , most commonly the squared exponential.
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Red	lines:	η	only	
	
Black	Dots:	data	points	
	
Black	Lines:	η+δ+ε	
With	the	addi9on	of	a	large	discrepancy,	the	model	mostly	(but	not	
en9rely)	captures	the	data.	
